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I. Introduction
Spatial econometric adaptations of population and employment growth models have been used to study the employment impacts of urban rail transit (Bollinger and Ihlanfeldt, 1997) , the links between urban and rural development (Henry, Barkley, and Bao, 1997; Schmitt and Henry, 2000) , and causality between intra-metropolitan population and employment location (Boarnet, 1994b ). Yet the literature has so far given limited attention to two specification issues that are fundamental to the performance of spatial econometric population and employment growth models. First, the weight matrix, which defines how geographic units of observation relate to one another, must be defined a priori, and alternative versions of the weight matrix have rarely been consistently compared. Second, most recent population-employment growth models are lagged adjustment models, yet the estimated lag parameters often imply that the system does not adjust to a long-run equilibrium, violating one of the maintained hypotheses of the lagged adjustment approach. This paper analyzes those three specification issues, and provides insight into both the validity of various econometric practices that have been common in the recent literature and the stability of econometric population and employment growth models when typical assumptions and approaches are changed.
II. Background
Population and employment growth models have a long history in regional science and urban economics. Steinnes and Fisher (1974) first introduced a twoequation, intra-metropolitan population and employment growth model that, by including a spatial framework via potential variables, was quite advanced for its time. Since then, 2 other authors have studied the determinants of growth within and across metropolitan areas (e.g. Grubb, 1982; Luce, 1994) . A related literature divides metropolitan areas into two parts, central cities and suburban rings, and examines growth in the central and suburban areas, (e.g. Bradford and Kelejian, 1973; Palumbo, Sacks and Wasylenko, 1990; Leichenko, 2001) . While both literatures pre-date the development of many of the recent tools of spatial data analysis, recent articles have increasingly used spatial analysis to both model and interpret how proximate geographic areas grow (e.g. Fingleton, 2001;  Goffette-Nagot and Mulligan, Vias, and Glavac, 1999; Roberts, 2000; Wheeler, 2001) . Other recent articles that have examined growth within both urban and rural areas have not emphasized spatial interactions but adopt simultaneous populationemployment growth models that relate to several of the issues discussed in this paper (e.g. Deller, Tsai, Marcouiller, and English, 2001; Glavac, Vias, and Mulligan; 1998) .
For small, geographically proximate observations, one motivation for an explicitly spatial econometric treatment is that the link between population and employment changes extends beyond commonly used geographic boundaries. Population changes in a county, municipality, census tract, or other intra-metropolitan geographic unit depend not only on employment changes within the same jurisdiction but also on employment changes in a labor market area that could extend beyond that jurisdiction.
Similarly, employment changes depend on population changes in surrounding labor markets. This leads to a spatial structure in the econometric model, and the problem of spatial dependence across observations is likely more severe for smaller observations of the sort that are inherent in intra-metropolitan as opposed to inter-metropolitan models.
3 Boarnet (1994a) applied spatial econometrics to a Carlino and Mills (1987) lagged adjustment model of population and employment growth to handle this problem of spatial dependence across observations. The theoretical rationale was that interactions across observations (New Jersey municipalities in the case of Boarnet's 1994 study) are mediated by a commuting relationship. Thus the link between population and employment is best modeled as a dependence within labor-market areas (or commutersheds) which, given the small size of New Jersey municipalities, almost certainly were larger than any one municipal observation. We adapt that model here to study the issues related to the weight matrix, estimated lag parameters, and identification discussed above.
III. Model
The model used here is the one developed in Boarnet (1994a) , which is the same model that is applied or adapted in Boarnet (1994b) , Bollinger and Ihlanfeldt (1997) , Henry, Barkley, and Bao (1997) , Henry, Schmitt, Kristensen, Barkley, and Bao (1999) , and Schmitt and Henry (2000) . The model starts with the lagged adjustment model of population and employment growth presented in Carlino and Mills (1987) . Because the research discussed in this paper uses census tracts as the geographic unit of observation, the description below will speak in terms of census tracts, but the concepts apply generally to any unit of geographic measurement.
Equilibrium tract population and employment are assumed to follow the relationships shown below.
where * , t i POP = equilibrium population * ,t i EMP = equilibrium employment X i,t = a matrix of characteristics that affect equilibrium employment Y i,t = a matrix of characteristics that affect equilibrium population * ,t i POP = equilibrium population in the labor market centered on census tract "i" in time "t" * ,t i EMP = equilibrium employment in the labor market centered on census tract "i" in time "t""i" subscripts refer to census tracts "t" subscripts refer to time periods Following Carlino and Mills (1987) , tract population and employment are assumed to adjust to their equilibrium values with a lag, as shown below.
) ( 1 ,
where λ p and λ e both take on values between 0 and 1.
Assuming that (1) and (2) are linear, with normally distributed error terms, and then substituting into (3) and (4) gives
(6) where the "i" and "t" subscripts have been dropped except in the case of POP t-1 and EMP t-1 , ß 1 and ß 2 are column vectors of parameters, a 1 and a 2 are scalar parameters, and u and v are normally distributed error terms.
Equations (5) and (6) The actual (not equilibrium) labor market variables are then measured by potential variables which can be represented in matrix notation. Representing labor market variables as a weighted sum and substituting (7) and (8) into (5) and (6) 
where I is an (n x n) identity matrix W is an (n x n) weight matrix all other variables are matrices or vectors.
Following Carlino and Mills (1987) , the variables in the X and Y matrices were lagged to the base year, "t-1", to help identify the system in (9) and (10). This is what Rey and Boarnet (2000) call a spatial cross-regressive system. The spatial lag of employment change is an independent variable in the population change equation, and similarly the spatial lag of population change appears in the employment change regression. Because the first-stage regression in two stage least squares would have spatial lags of the dependent variable on the right-hand side, standard least squares routines will be biased and inconsistent. Boarnet (1994a) uses an application of the instrumental variables estimator proposed in Anselin (1980) to estimate the system in equations (9) and (10).
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In this paper, we examine two specification issues that are common in the model described above.
Weight (W) matrix and the specification of the population-employment interaction
In the literature on population and employment growth models, the W matrix is often chosen to reflect commuting relationships between residents and job sites in geographic observations in the data set (e.g. Boarnet, 1994a; Bollinger and Ihlanfeldt, 1997; Henry, Barkley, and Bao, 1997) . Various specifications of W have been used in the literature, including W matrices based on national commuting data for the United
States (Boarnet, 1994a) and W matrices based on a priori concepts of uniformly sized commuter-sheds (Schmitt and Henry, 2000) . Other candidates for W matrices include contiguity matrices commonly used in other applications and W matrices based on measures of commute flows between geographic areas within the data set. In this paper, we examine several alternative W matrices, comparing how different definitions of W change the results of parameter estimates.
Implied stability of the lagged adjustment process
Recent models of population and employment growth typically follow a lagged adjustment process as specified in, e.g., Carlino and Mills (1987) . Such lagged adjustment models yield estimates of lag parameters that can be used to infer whether the adjustment process will converge to an equilibrium over time (see, e.g., Carlino and Mills, 1987) . Many recent applications of small area population and employment growth models have yielded estimated lag parameters that do not give stable convergence to an 7 equilibrium (e.g. Boarnet, 1994a; Mulligan, Vias, and Glavac, 1999; Schmitt and Henry, 2000) . 1 Boarnet (1994b) (9) and (10).
In this paper, we examine whether including detailed information on various land use categories in both the population and employment growth regressions, as a proxy for local land use policies, can improve the reasonableness of the estimated lag parameters.
Thus we examine the hypothesis that the poor performance of the lagged adjustment approach is due to an incomplete set of independent variables, rather than an inappropriateness of the lagged adjustment assumption. Importantly, for purposes of this paper the examination of the estimated lag parameters (a relatively technical question) and the validity of adding land use variables to the model (something that could have profound implications for policy analysis) are linked.
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To examine these two specification issues, we estimated regressions that consistently examined two issues -(1) how estimates of lag parameters change when variables that measure land uses are added to the model and (2) how the model estimates vary across a range of weight matrices. First we discuss the various weight matrices tested.
IV. Alternative Weight Matrices
The form of the spatial interaction across geographic units of observation in equations (9) and (10) has a clear basis in theory. For intra-metropolitan models, Boarnet (1994a) suggested that the W matrix should reflect commuting patterns that tie any one small geographic unit to a larger labor market area. 2 One question examined here is whether the parameter estimates from equations (9) and (10) are sensitive to different definitions of W, and in general how the estimates from relatively simple and more complex W matrices compare.
We tested several W matrices, listed below roughly in order from the simplest to construct to the most complex. Each W matrix is an a priori definition of a labor market that aggregates census tracts into commuter-sheds based on differing implementations of a concept of labor market areas.
Neighbor Matrices
The simplest proximity matrix is the 0,1 neighbor matrix. In this matrix, element w ij equals one if tracts i and j border each other and zero otherwise. Tracts that meet only at a corner were defined as neighbor tracts. The diagonal elements are zero as a tract cannot be its own neighbor. The matrix was created from a visual inspection of the 1980
Orange County census tract maps. Two versions of the 0,1 neighbor matrix were created -one that is row normalized and one that is not. 3 This W matrix can be constructed from visual inspection of maps or automatically from a geographic information system (GIS), and requires no data other than a census tract boundary map.
Fixed Distance Matrix
The distance-based matrix is also a 0,1 matrix. Again all elements start at zero.
A matrix element w ij is changed to one if the distance between the centroids of tract i and tract j is less than a predetermined amount. For this paper the cut-off distance was set at 10 miles, an estimate of average commute distance based on average commute time in
Orange County. The mean travel time to work for the Anaheim-Santa Ana-Garden Grove SMSA in 1980 was 23.6 minutes (Cenus of Population and Housing: Table P-9).
Under the assumption that average travel speed is roughly 25 miles per hour, the average travel distance would be about 10 miles. Population centroids were obtained from the 1980 Master Area Reference File 2 (MARF 2). In the MARF 2 data, approximately half the tracts were split across municipal boundaries, and the centroids were reported for each portion of these splits tracts. For split tracts, the population centroid was created by weighting each centroid by the proportion of tract population in the corresponding section 10 of the tract. The population-weighted center of the straight-line distance between each pair of census tract centroids was used as the centroid for a split tract. The distancebased W matrix incorporates information about commute flows, but has the possible disadvantage of making all commuter-sheds be equal-sized, ignoring any internal variation in commuting patterns within the study area. While more difficult to calculate than the contiguity matrix, the data and processing requirements for the distance-based W matrix are relatively manageable.
Weighted Inverse Distance-Based Matrix
This matrix uses the distance between tract centroids, as does the distance-based how quickly the labor market relation damps with distance. Here we adopt a value of α equal to 0.67, which Boarnet (1992 Boarnet ( , 1994a ) estimated from national commuting data. Bollinger and Ihlanfeldt (1997) provide evidence that the regression results are not sensitive to changes in α ranging from 0.5 to 2.0 for their analysis of Atlanta census tracts.
With the exception of choosing a damping parameter, α, this W matrix is no more complicated to construct than the distance-based W matrix discussed above. Like the distance-based matrix, the inverse distance W matrix imposes the same spatial form on commuter-sheds centered on all census tracts in the data set.
Tract-to-Tract Flow Matrix
A theoretically ideal W matrix would incorporate data about commute flows across all tracts, allowing the labor market area (or commuter-shed) centered on any one tract to be based on commute patterns between that tract and other tracts. Thus commuter-sheds would vary within the study region, in ways that incorporate variations in commuting patterns within the region. For example, residents on some locations might commute somewhat more than residents of other locations that are more proximate to jobs, and one would prefer that the W matrix capture that.
Such a W matrix can be constructed from data on tract-to-tract commute flows that are available for 1990 from the STP154 file from the United States Bureau of the Census. The STP154 file has estimates of the number of journey-to-work commutes that originate and terminate at each census tract within Orange County. Such data were not readily available for 1980, but to test the performance of a tract-to-tract commute flow matrix we used the STP154 data from 1990. The 1990 STP154 data were converted to 1980 tract boundaries. A commute flow matrix was based on the number of commutes between tracts, with elements w i,j being the number of commuters traveling between tracts i and j. We tested both row normalized and non-normalized versions of this matrix.
While the tract-to-tract flow matrix captures rich information about commute flows, and is closer to a theoretical ideal of a commuter-shed than any other W matrix, it brings two possible disadvantages. The STP154 data are difficult to manipulate, making this the most tedious to construct W matrix of the various matrices tested in this paper.
Also, the Census Bureau warns that the tract-to-tract commute flows are in some instances estimated, and might include inaccuracies. Our own analysis verified that the STP154 data are noisy. We summed journey-to-work destinations by tract, and assuming that the number of commute journeys ending in a tract should equal the number of jobs in that tract, compared the number of journey-to-work destinations to the number of jobs in each tract. Job data for tracts are from the Southern California Association of Governments (SCAG). For the 484 tracts (based on 1990 tract maps), the difference between the employment implied by the STP154 data and the employment implied by SCAG data exceeded 30% of the SCAG estimate in 47% of the cases (226 tracts). This suggests that the advantage of the theoretically more precise commute-flow data could be outweighed by the noisiness of the STP154 file. Because our purpose here is in part to test various W matrices with different advantages and disadvantages, we include estimates of equations (9) and (10) using the two tract-to-tract W matrices (normalized and non-normalized) to compare the results to other matrices.
V. Data
The data used in this paper are from Orange County, California. Because a large portion of the data on explanatory variables was obtained from the United States Bureau Census of Population and Housing Anaheim-Santa Ana-Garden Grove, CA SMSA PHC80-1-67. 4 Where there was not a clean conversion, the conversion was made based on an estimate of the percent of one tract located in another.
Compared to some previous research, the set of location specific characteristics, X and Y in equations (9) and (10), is limited. Our focus here is on alternative specifications of the W matrix and tests of the lagged adjustment model, and those two tasks get more attention than testing a broad range of amenity variables. 5 The independent variables in the model fall into four groups: (1) variables required by the spatial and lag structure of the model, (2) location specific characteristics (other than land use) that influence equilibrium tract population level (the vector X t-1 in equation 9) or equilibrium tract employment levels (the vector Y t-1 in equation 10), (3) selected land use variables used to examine whether more complete proxies for equilibrium population and employment levels improves the estimated lag parameters, and (4) 37 census defined place (CDP) dummy variables to proxy for characteristics associated with municipalities 4 Four tracts were dropped to the data set due to data inconsistencies that made conversion from 1990 to 1980 boundaries not possible for all data sources. The resulting data set has 415 census tracts based on 1980 tract boundaries. 14 or coherent areas that were not incorporated municipalities. 6 The CDP dummy variables are intended to proxy for local characteristics and, for incorporated CDP's, municipal policies that influence population and employment growth. This includes school quality (many municipalities in Orange County have their own school district), municipal expenditure policy, local tax revenues, and crime rates that are not measured with other readily available data at the census tract level. Some tracts are in more than one CDP, in which case the dummy variable for each CDP that contains some of the tract is set equal to one. For other tracts that are wholly in one CDP, the dummy for that CDP only is set to one.
The dependent variables and the variables required by the structure of the model (group 1, above) are listed in Table 1 . Data sources are also listed for each variable.
Time subscripts are changed to correspond to the years of this study; "t-1" is 1980 and "t" is 1990.
( Table 1 somewhere Land use data by census tract for 1990 were obtained from Aerial Information
Systems. 7 The land use variable is total tract area (in acres) in a given use. The land use variables are defined in Table 2 . When the land use variables are added to the system of equations, the following variables were added to the population change equation: lu1110
(single family residential), lu 1120 (multi-family residential), lu1140 (mixed residential), lu2000 (agricultural) and lu3000 (vacant). In the employment change equation, the following land use variables are used: lu1210 (general office use), lu1220 (retail stores and commercial services), lu1230 (other commercial), lu1240 (public facilities), lu2000
(agricultural) and lu3000 (vacant). In Orange County during the 1980s, much agricultural land was converted to residential or employment-generating land uses, so the amount of agricultural and vacant land is intended to measure the amount of developable land available in a tract.
( Table 2 somewhere around here.)
Dummy variables for census places are included to control for unobservable characteristics that are homogeneous within places. Because many place boundaries coincide with the boundaries for incorporated areas, these variables may be used as proxies for city amenities or disamenities such as tax rates, school quality or safety that vary largely or completed according to the city of residence. The place variables were 7 We are grateful to Rena Sivitanidou for providing these data.
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dummy variables equal to one if a portion of the tract was in the place and zero otherwise. The place dummy variables are listed in Table 3 .
( Table 3 somewhere around here.)
VI. Results
The regressions in equations (9) and (10) were estimated with each of the six W matrices described in Section V. In Tables 4 and 5 , we give results of estimating equations (9) and (10) without the land use variables listed in Table 2 . In Tables 6 and 7, we shows the results of estimating the regressions with the land use variables added.
Recall that the land use variables are intended to proxy for land use regulatory policy and/or local attitudes toward population or employment generating development. The local regulatory environment is hypothesized to be a key variable that was omitted from previous work due to lack of available data.
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The regressions in Tables 4-7 were estimated with an instrumental variables technique suggested by Anselin (1980 Anselin ( , 1988 . See Boarnet (1994a) for a description of the instrumental variables technique in the context of the models used here. In Table 4 , the instruments for the endogenous EMP? in (I+W)EMP? in the population change equation are (I+W)POP80 and EMP80 (1980 tract employment). In Table 5 , the 8 Some readers might think that the CDP dummy variables can proxy for land use regulatory decisions and/or attitudes toward growth. Yet many municipalities have different land use regulatory policies for different areas within their jurisdiction, and a CDP dummy variable will not capture any variation in policy within a municipality or census defined place. Also, our concern is in adding information that we hypothesize is related to the regulatory environment and that improves the performance of the lagged adjustment model. The results suggest that the land use variables improve the performance of the lagged adjustment model, yielding lag parameters of the appropriate sign, while including the CDP dummy variables without land use variables does not give lag parameters of the appropriate sign. Table 6 , the instruments for EMP? in (I+W)EMP? include the instruments used in Table 4 plus lu1210, lu1220, lu1230, lu1240, lu1310, lu1320, and lu1340. In Table 7 , the instruments for POP? in (I+W)POP? include the instruments used in Table 5 plus lu1110, lu1120, and lu1140.
(Tables 4-7 somewhere around here.)
Looking first at Tables 4 and 5 , there is some variation in the significance of the independent variables depending on the choice of W matrix. For population change, five of the six specifications in Table 4 show that tracts with higher proportions of 1980 population that is hispanic had larger population growth in the decade. The coefficient on proportion hispanic is not significant when the row normalized tract-to-tract commute flow W matrix is used. The sign of (I+W)EMP80 varies across different W matrices, and (I+W)EMP80 is only significant (with positive sign) when the inverse distance matrix is
used. Yet the pattern of the coefficients on independent variables generally shows more stability than variation across W matrices. The lag parameter, ? p in equation (9), is the negative of the estimated coefficient on 1980 population in the population change equation in Table 4 . The parameter is significantly negative (the estimated coefficient is significantly positive) for all of the six W matrices tested in Table 4 , implying that the estimated ? p is not within the required range, between 0 and 1.
For the employment change equation in Table 5 , changes in population in the surrounding labor market, (I+W)POP?, are only significant using the normalized contiguity W matrix. The term (I+W)POP80 is significantly negative using the inverse distance matrix. The lag parameter, the negative of the coefficient on EMP80, is significantly positive for all W matrices except the non-normalized tract-to-tract commute flow matrix.
To summarize, the regressions in Tables 4 and 5 There is a large literature that interprets whether population growth follows employment growth or vice versa within metropolitan areas or whether the two are simultaneous. For a discussion see, e.g., Steinnes and Fisher (1974) , Steinnes (1977) , Boarnet (1994a) , and Deitz (1998).
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The coefficients on the census defined place dummy variables are not reported in Tables 4 through 7  for brevity.   19 market areas for the un-normalized W matrix based on geographic contiguity, but other W matrices show no dependence of tract population change on labor market employment change.
11 The location-specific characteristics are sparse in Tables 4 and 5, and while some variables, such as the proportion Hispanic in variable in Table 4 , showed some sensitivity to the choice of W matrix, in general the sign and significance pattern on the location-specific characteristics was somewhat stable across W matrices. The estimated lag parameters are consistently of the wrong sign (while the significance varies),
implying that the equations estimated in Tables 4 and 5 do not meet the conditions for dynamic stability of the lagged adjustment model.
In Tables 6 and 7 , we add the land use variables to the regressions from Tables 4 and 5, to examine whether additional variables that might proxy for previously unmeasured aspects of equilibrium tract population and employment improve the performance of the lagged adjustment model by yielding lag parameters that are consistent with dynamic stability. The six W matrices from Tables 4 and 5 are repeated in Tables 6 and 7 . In the population change equation, census tracts with larger proportions of their 1980 population black or Hispanic had more population growth. In Table 6 , this result does not vary depending on the choice of W matrix. One explanation for the positive coefficient on proportion black and proportion Hispanic in the population 11
Depending on the W matrix, this result differs from recent evidence on the causality between intrametropolitan population and employment change. Boarnet (1994) found that employment changes in New Jersey municipalities from 1980 to 1988 depend on surrounding population changes, but not vice versa. Dietz (1998) found that employment levels in Boston census tracts in 1990 depended on population in surrounding areas, but not vice versa. Table 7 , presented below, also gives no evidence that employment changes in Orange County census tracts in the 1980s depend on surrounding population changes, except for the row normalized tract-to-tract flow matrix in Table 7 , which shows a positive association between tract employment change and surrounding population change. Mulligan, Vias, and Glavac (1999) found that the pattern of population-employment interaction varied depending on the time period studied, which when combined with the results here suggests that causality between population and employment location and changes might vary across time periods and possibly across metropolitan areas, in addition to being sensitive to the specification of the W matrix. In the employment regressions in Table 7 , (I+W)POP? is significantly positive for the normalized tract-to-tract flow matrix, but insignificant in the specifications that use other W matrices. The term (I+W)POP80 is always insignificant in the employment change regressions in Table 7 . The lag parameter ? e is significantly positive, with 21 magnitude close to 0.6, in all specifications in Table 7 , implying that, on average, about 60% of the gap between equilibrium and actual tract employment was closed during the 1980s. Six land use variables are positive in all six employment change regressions in Table 7 -the number of acres in the tract in: general office use, retail stores and commercial services, other commercial, public facilities, light industrial, and heavy industrial. In addition to those variables, the amount of vacant land is significantly negative in the specification that uses the normalized contiguity matrix, and both the amount of vacant land and the amount of agricultural land are significantly negative in the specification that uses the normalized tract-to-tract flow matrix.
Overall, in Tables 6 and 7 In the bottom row of each column in Tables 4 through 7, we report the results of an overidentification test for instrument validity. Overidentification tests have been used in the past in population and employment growth models to examine the validity of lagging the independent variables to a base year (e.g., Boarnet, 1994a ). Here we examine 22 both that concern and the exogeneity of the land use variables. The land use variables that were added to the regressions in Tables 6 and 7 give the number of acres of land in a particular use in 1990. This raises some concern, since these variables are at the end of the period rather than the beginning of the 1980 to 1990 study period. Because it is possible that the amount of land in, for example, residential uses could be correlated with the error term in the employment growth equation, we use the overidentification test to examine the validity of the instrumental variables technique with the land use variables in the model. The test is calculated by multiplying the R-squared from a regression of the second-stage residuals on all included and excluded pre-determined and exogenous variables in the system by the number of observations. The statistic is distributed chisquared with degrees of freedom equal to the number of excluded instruments for the endogenous variable in each regression. The critical chi-squared values (at the five percent level) for rejecting a null hypothesis of valid instruments are 5.99 for Table 4 (two degrees of freedom because (I+W)EMP? is instrumented by two variables in that equation), 12.59 for Table 5 (six degrees of See, e.g., Krueger (1989 and 1994) for examples and discussions of the overidentification test.
For the specifications without land use variables, the overidentification statistic fails to reject the null hypothesis of valid instruments (at the five percent level) for four of the six population change regressions in Table 4 (the null is rejected for the normalized   23 and non-normalized contiguity matrices) and for four of the six employment change regressions in Table 5 (the null is rejected for the non-normalized contiguity matrix and the non-normalized tract-to-tract flow matrix). For the specifications with land use variables, the null of valid instruments is not rejected in four of the six population change regressions in Table 6 (the null is rejected for the 10 mile labor market area and nonnormalized tract-to-tract flow matrices in Table 6 ). The null hypothesis of valid instruments is rejected in all of the employment change regressions in Table 7 . These overidentification statistics give some evidence that the specifications with land use variables, measured at the end of the study period, are not as consistently valid as the specifications that include no land use variables and hence have independent variables that are measured only at the beginning of the study period.
Land use data were not available for 1980, and hence for this study 1990 land use data were the only data available. Since the development of GIS programs, land use inventories have become increasingly common, and future studies are more likely to have available land use data for the beginning of the study period. Thus it is encouraging that the overidentification statistics performed better when all independent variables were measured at the beginning of the study period.
VIII. Interpretation and Conclus ion
In this paper, we examined two specification issues related to populationemployment growth models -the definition of the weight matrix and the performance of the lagged adjustment model. Our results suggest that, when data such as the land use measures used here are available to measure or proxy for policy toward growth, the lag parameters are typically of the appropriate sign. The overidentification tests suggest that such data should be for the beginning of the study period rather than the end of the study period. Given that data on land use inventories, zoning regulations, and other measures of land use policy will likely be increasingly available at fine levels of geographic detail over the next several years, this bodes well for the ability to apply populationemployment growth models in the future.
The nature of the contemporaneous interaction between population and employment growth was sensitive to the specification of the weight matrix, while the coefficients on many of the other independent variables (the location-specific characteristics discussed in Section VI) were not sensitive to the specification of the weight matrix. The location-specific variables, such as proportion black or Hispanic or the proportion of housing built before 1940 and before 1960 in the population change equation, appear to be orthogonal to the population-employment change interactions that are modeled in the weight matrix. This is a potentially important insight. Some recent articles have examined the role of location-specific characteristics in population and employment growth without using a spatial model to examine the interaction between population and employment growth (e.g. Deller, Tsai, Marcouiller, and English, 2001 ).
The results here suggest that such an approach might be valid, or at least that the specification of the population-employment growth interaction might not affect hypotheses about the influence of other, location-specific, variables.
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Overall, these results suggest that econometric models of population and employment growth can be tailored to fit the questions that the researcher wishes to answer. If the question bears on the lagged adjustment model, such as an estimate of the speed of adjustment to equilibrium, the researcher should gather data that measure attitudes or policies toward land use regulation, such as the land use data used in this paper. Such data should ideally be measured at the beginning of the study period. If the focus is on the role of location-specific amenities other than land use, a rich set of such variables should be gathered but a relatively simple implementation of the populationemployment growth interaction might suffice. For example, for intra-metropolitan models, the ten-mile distance weight matrix (or similar fixed distance matrices) is simple to construct and might suffice if the focus is the role of locational amenities, rather than the interaction between population and employment. If the researcher is testing hypotheses about the interaction between population and employment growth, including the classic question of whether jobs follow people or people follow jobs in urban decentralization, the specification of the weight matrix is somewhat more crucial. The results of hypothesis tests about the interaction between population and employment changes within labor market areas are quite sensitive to the choice of a weight matrix that specifies the labor market area. On a priori grounds, one should prefer a weight matrix that is based on data about the spatial extent of labor markets within urban areas, such as the commuting data used for several of the matrices in this paper.
The results in this paper give some insights about the choice of a weight matrix.
Note that the contiguity matrices apply the most crude definition of a labor market area, and also give results, in terms of population and employment interactions, that are not 26 consistent with past literature. For example, in Table 6 , the non-normalized contiguity matrix shows that population change depends negatively on employment change in a surrounding labor market area, while much recent literature has shown no statistically significant dependence of population change on employment changes for small areas within metropolitan regions (e.g. Boarnet, 1994a; Bollinger and Ihlanfeldt, 1997; Deitz, 1998) . Also note that, in terms of the overidentification tests, the normalized tract-totract commute flow matrix is slightly better than the non-normalized commute flow matrix, the inverse distance matrix performs slightly better than the ten mile distancebased matrix, and the normalized commute flow matrix might be slightly preferred over the ten-mile distance based matrix.
14 Finally, note that the normalized commute flow matrix, in Tables 6 and 7 , gives the result that population change depends on employment changes in a surrounding labor market area and that employment change depends on population changes in a surrounding labor market area. While this does not agree with recent articles (e.g. Boarnet, 1994b , Dietz, 1998 ) that suggest that employment change depends on surrounding population growth but not vice versa, the simultaneous dependence of population and employment change in Tables 6 and 7 is likely the most reasonable agreement with past research among the specifications in Tables 4-7 , and so the normalized commute flow matrix might also be preferred for that reason.
In summary, the results in this paper suggest that the questions being asked of a population-employment growth model will, in part, determine which specification issues should receive the most attention. Recent advances in data availability give the promise of implementing theses models with increasing frequency, allowing more ability to test 27 different model specifications with data from a number of metropolitan areas and rural regions. Overall, the lagged adjustment performance of the model appears to be an issue that can be addressed by improved data availability, and the evidence here suggests that weight matrices based on commute flow data that are specific to the study area should be preferred if questions about population-employment interactions are central to the analysis. 
